A novel centralized model predictive control (MPC) is proposed for comfort and energy management in residential building. The residential setup used here is equipped with a photovoltaic (PV) solar system and a stationary home battery unit. An air-to-air multi-split heat pump (HP) is used as the primary heating system. The electric baseboard (BB) unit in each zone is used as a secondary system. The MPC is simultaneously responsible for controlling the heating inputs of the HP and BB units for comfort management, as well as for the control of energy flow between the PV, the home battery and the bidirectional grid system. Variable Time-of-Use (ToU) rates are considered for the energy cost calculation and Feed-in-Tariff (FiT) is considered for selling energy to the grid. A 13.5% reduction in the energy cost is achieved with the centralized MPC as compared to a rule based energy management strategy. The solar energy generation and battery storage contribute to approximately 31% saving. * Corresponding author ORCID(s): 0000-0002-0982-8272 (S. Seal)
Introduction
The heating system is an integral part of the heating, ventilation and air-conditioning (HVAC) system that constitutes the major part of the residential electrical load. But the electrical loads, such as, daily hot water requirement, electrical appliances, lighting, also add up to the net residential electricity consumption. In this article, an inclusive study of the overall energy management of a residential building is presented considering renewable energy generation and storage. A centralized model predictive control (MPC) strategy is proposed which simultaneously handles the comfort management along with the optimization of energy flow among the different components of the grid-connected residential energy network.
The benefits of a grid connected PV generation system coupled with a battery storage unit is studied in [11] based on different electricity rates, feed-in tariff (FiT) incentive and battery storage unit cost. In this paper, an existing residential PV system is optimized with and without battery storage to maximize FiT revenue considering three import tariffs, i.e., a flat rate, a Time-of-Use rate based and a wholesale electricity tariff in the first part of the work. Subsequently, a sensitivity analysis is performed to quantify the impact of the battery storage unit cost on the objective function and the results are used to determine the optimal battery capacity. Finally, a cost analysis is presented by considering the unit cost of battery storage and a new PV module in maximizing the FiT revenue.
In [3] a task-based appliance scheduling scheme for a smart grid connected residential building is proposed considering both real-time and forecast information, time varying electricity price and weather data. Occupant comfort is also integrated in the same optimization. A finite-horizon MPC control is used as a building energy management con-troller (BEMC) for optimal scheduling of thermostatically controlled heating-cooling units and the non-thermal appliances based on their delay and power consumption flexibilities. Plug-in electric vehicle (PEV) batteries are also considered as a non-thermal appliance. For the non-thermal units, the MPC minimizes the electricity expense by controlling the ON/OFF status of the appliances and thereby optimizing the delay between the occupants' requests of using an appliance and its availability based on variable electricity rates. Performance constraints of the individual appliance are also considered to deliver quality service. For the thermal appliance scheduling, predictive mean vote (PMV) index is used as an indicator of occupants' comfort. An acceptable comfort range is defined as a function of the air temperature and the mean radiant temperature. The MPC schedules the thermal appliances, i.e., electric heater and air-conditioning systems to minimize the power consumption while considering the allowable PMV range as an optimization constraint.
However, in this paper, instead of considering the PMV index based comfort criterion as a constraint to the optimization [3] , the operative temperatures of the different thermal zones are continuously monitored to be maintained within an acceptable comfort band. For the energy management the appliance schedules are fixed and the MPC is bound to supply the load demand when needed. Instead of the load shifting as presented in [3] , here the MPC relies on the chargingdischarging of the battery and the timely utilization of the renewable and grid based energy to reduce the energy cost.
The organization of this article is as follows. In Section 2 the objectives are presented. A detailed description of the case study house along with its heating systems and energy network arrangements are given in Section 3. Subsequently, in Section 4 the system identification and validation of the control-oriented house model are elaborated. The uncertainties in the disturbance inputs used in this simulation study and the optimization problem formulation are presented in Section 5 and Section 6, respectively. Two case study scenarios are described in Section 7 along with the optimization results presented in Section 8. Finally, Section 9 summarizes the work presented in this article.
Objectives
This article proposes a novel inclusive MPC strategy that simultaneously handles different components of the building energy management system (BEMS) to achieve a predefined comfort while minimizing the energy cost. Scheduled daily electrical loads are considered to represent a rough estimate of the daily domestic energy consumption, considering the heating system as the primary load. The BEMS, discussed here, includes an on-site solar energy generation system and storage facility using a battery unit. A bidirectional grid connection is considered. The house heating system uses a combination of a multi-split heat pump with indoor fan units and supplementary electric baseboard units. The BEMS is centrally controlled by the MPC which performs a multi-variable optimization, with a single objective function, to efficiently manage the renewable energy usage, charging and discharging of the battery and load distribution between the energy efficient heat pumps and the baseboards to maintain the indoor operative temperature within given comfort bounds with a reduced heating energy consumption. The proposed approach contributes in combining two popular sects of building control engineering, namely the HVAC control for comfort management with low operative cost and energy management for building electricity consumption.
A TRNSYS-MATLAB co-simulation is used to simulate the comfort and energy management case studies in this article. The MPC is designed in MATLAB and the optimized control signals are fed to a TRNSYS house model. Here, the TRNSYS house is treated as an alternative to the actual physical house and the MPC uses a simplified linear model of the TRNSYS house for temperature predictions. A similar co-simulation arrangement is described in detail in [23, 22] . A single-story residence is designed for this simulation study using Google SketchUp and TRNSYS. The basic layout of the house is created in SketchUp, followed by modifications in TRNSYS to incorporate different physical attributes. The house has two bedrooms and a living-dining space with an open kitchen. The total floor area is 71.25 m 2 , having a 37.50 m 2 of living-kitchen (LK) area and respectively 18 m 2 and 15.75 m 2 in the primary (B1) and secondary (B2) bedrooms. It has an attic with the South facing roof inclined at an angle of 45°. The PV panels are installed on this South facing roof. The attic is not considered as conditioned thermal space. The construction specifications are presented in Table 1 . The rated power draws for the electrical appliances are shown in Table 2 . The percentages of convective heat gains [12] from different appliances, contributing to the net internal gain, are also indicated in the Table. Figure 2 represents a rough estimation of the total daily electrical energy consumption used in the simulation. It includes the lighting, scheduled loads of the electrical appliances, the energy requirement for daily hot water usage, the heat recovery ventilator unit and the PV regulator -inverter unit. 
The case study house, its heating systems and the home energy network

Heating systems
An air-to-air heat pump (HP) driven multi-split system 1 is used as the primary heating unit of the house. The unit consists of an outdoor unit and three separate indoor fan units for the three zones. An electric baseboard (BB) heater is also available as a secondary heating unit for each zone. The HP heating performance depends on the outdoor temperature and may have lower coefficient of performance (COP) during the very cold days, hence for better reliability of the heating system the electric baseboards are used as the secondary units. The specifications are given in Table 3 . The required PLR for each indoor fan unit of the multi-split system, given by demand , is optimized separately by the MPC. The total demanded heating capacity, demand is given by (1) .
where, demand Total demanded HP heating capacity (kW). demand PLR requirement for the indoor fan unit for the ℎ zone. rated Rated heating capacity of the indoor fan unit for the ℎ zone (kW). Total number of zones. Here, = 3.
The PLR of the outdoor unit, however, is adjusted based on the demand and the available rated heating capacity of the outdoor unit, rated (kW). The rated and the electric power consumption, rated (kW) of the outdoor unit are functions of the indoor and outdoor temperature as given in [18] . PLR, effective heating capacity and electric power consumption of the outdoor unit are given by the set of equations in (2). The relation between and OU is adopted from the articles [6, 15] . The PLR of the indoor units are then adjusted by a heating capacity factor, capacity which is given by (3a). The effective PLR for the indoor units are given by in (3b), for each zone.
where, capacity Heating capacity factor for the indoor units of the multi-split system. Effective PLR for the indoor fan unit in the ℎ zone.
Equations (1), (2) and (3) ensure that the total heating capacity of the individual fan units, in the zones, never exceeds the rated capacity of the outdoor unit of the multi-split system. While the MPC only optimizes the demand as the control variable, the adjustments of these PLR values for the indoor and outdoor units, are calculated as a part of the optimization process.
is a function of demand as given by eqs. (1) and (2a). Hence, by the end of the iterative calculations, constrained optimal values of and are available. In the rest of the text, is referred to as the HP control variable optimized by the MPC.
The baseboards, on the other hand, are assumed to convert 100% of the consumed electricity to heating energy. Unlike the radiant floor units, discussed in the previous chapters, the heat pump driven multi-split systems have a lower installation cost and a faster response time. The only drawback to consider is that the performance of the heat pump depends on the outdoor and indoor temperatures, among other factors. Specially, since no thermal storage is considered here, when the heat pump is operating at a lower COP, the MPC utilizes the baseboards to provide the heating energy required to maintain the indoor operative temperature within the desired range. Thus, the baseboards perform as a standby heating option for the control scenarios discussed in the following.
PV panels (PV), home battery (HB) and grid (G): sizing and specifications
Renewable solar energy generation and its storage using a home battery are considered here as a part of the BEMS. The goal is to maximize the generation and self-utilization of the green energy and optimally use the battery storage unit to reduce the energy cost. The MPC, on the one hand, optimizes the heating energy usage and simultaneously manages the PV generation and utilization of the battery storage to distribute the energy consumption in such a way that the consumer can benefit from the variable ToU electricity rates during the day. The two-way grid is considered as an infinite source or sink as necessary. The battery can act as a power source (discharging) or a load (charging) at a given time step while the PV is always a source and the house is a load. The MPC determines the optimal amount of power flow, at each time step, from the sources to the loads. At every time step, the grid supplies the required power when the PV and the battery are unable to meet the demand. Any excess generated power, at a given instant, is sent back to the grid. The MPC energy management strategy is discussed in detail in Section 6. The specifications of the PV and the home battery are given in the following.
Solar panels
The specifications for the PV panels are given in Table 4 . A simple glazed PV panel, (TRNSYS Type 562d module) is used to estimate the solar power generation using the solar radiation data given by the TMY2 weather file. The default specifications for the said PV module remained unchanged, as shown in the table, except the surface area. It is estimated to be 32.7 2 , assuming the average size of the PV system to be 6 kW [5] . The residential rooftop panels generally have 60 cells, with each small cell having 6 ′′ × 6 ′′ dimension and a 60-cell panel generates about 300 W. Thus, a set of 20 average-sized panels, generating 6 kW solar power, has an approximate size of 27 ′ × 13 ′ which is equivalent to 32.7 m 2 [5] . The South facing slanted roof, where the panels are installed, has an area of 53.74 m 2 . Hence, sufficient spacing can be provided between the panels. The operations of the PV panel is affected by different factors of the ambient conditions, e.g., solar irradiance level, ambient temperature, wind speed, dirt/dust etc. [17] . The efficiency of the PV panel is a function of the reference PV efficiency, the reference and actual temperatures the solar cell, total reference and actual incident solar radiation [28] . Since, an estimation of the generated power, based on a given weather condition, suffices the requirements of this particular study, a simplified model given by (4) is used for the simulation.
where,
Total solar power generation (kW). Total solar irradiance (W/m 2 ). Total surface area of the PV panels (m 2 ). Efficiency of the PV panels. Efficiency of the Regulator -Inverter unit.
( )
Transmittance -absorptance product of the PV cover for solar radiation at a normal angle.
The efficiency of the regulator-inverter unit is set to 78%, equal to the default value of Type 48 module in TRNSYS [24] . The data for solar irradiance ( ) and the PV efficiency ( ) are recorded from TRNSYS for the TMY2 -Toronto weather data. The normal solar transmittance ( ) of the glass cover value is set to 0.86. Assuming the absorption factor, in Table 4 , as the normal absorption factor ( ), the ( ) is approximated as ( ) = 1.01 × × = 0.74 [4] . With this rough approximations of the PV panel parameter specifications, the power generation simulated by the model in (4) generates comparable results with respect to that of the Type 562d module in TRNSYS.
It is worth mentioning that the simulation of the PV panels, is performed entirely within the MATLAB environment and the Type 562d for PV panels and Type 48 for the regulatorinverter module in TRNSYS are only used to derive the simplified model and its validation.
Home-battery
The specifications for the home battery is given in Table 5 . The specifications are similar to the Tesla Powerwall [27] . Except for the base case simulation scenario where for a rule based control strategy the minimum allowable state of charge (SOC) is restricted to 50%, in general, the SOC is allowed to vary between 10% -90%. The SOC of the home battery is calculated in a discrete time frame at every simulation time step [16] . The update equations are given by eqs. (5) and (6).
where, Stored energy in the home battery at a given time step (kWh). Amount of power sent to or drawn from the home battery (kW 
Control-oriented model identification and validation
The control-oriented MATLAB models for the three zones, namely, the primary bedroom, secondary bedroom and the living-kitchen area ( Figure 1 ) are identified separately as linear time-invariant (LTI) state space sub-blocks as shown in Figure 3 .
System inputs:
• External uncontrolled or disturbance inputs :
-: Outdoor temperature (° ). Figure 3 : Identified system model Open loop system identification is performed to generate the simplified LTI house model. The MPC uses this controloriented model to predict the system outputs during the heating season and accordingly optimizes the control inputs. Periodic pulse waves of 50% duty cycle, having amplitudes equal to the rated HP and BB heating capacity (Table 3 ) are supplied to respective zones.
System outputs:
• , : Operative temperature (° ) for ℎ zone. • , : Air temperature (° ) for ℎ zone. For system identification, the TMY2 Toronto weather data from January to the middle of March is used. The model validation is performed with the weather dataset for the same location, from the middle of March to the end of April. Distribution of the validation errors for the different zones vary wiithin ±2° for close to 70% of the time.
Uncertainties in the disturbance inputs: weather inputs and internal gains
Forecast data is available for and . But, as mentioned in [2] , using the available forecast data from weather stations in the simulation studies is not straightforward and there is no standard method of approximating the effects of forecast related uncertainties. For the simulation experiments presented in this article, experiment based recommendations suggested in [2] are adopted. A detailed description of the different noise vectors generated as uncertainties for the uncontrolled system inputs is described in this section.
Here, the standard TRNSYS TMY2 dataset for Toronto is used as the actual or real-time data and will be referred to like the same in the following. The noise vectors are generated for every hour [2] and linear interpolation is used between successive data points to generate a noise vector that matches the simulation time step of 3.75 min. These noise vectors are then added to the TMY2 dataset to generate the forecast data.
Forecast and actual dataset for outdoor temperature
As suggested in [2] , two vectors of normally distributed random variables are considered to be representing, respectively, the 6 hour-ahead and the 1 hour-ahead forecast noise for the outdoor temperature, . The mean and standard deviation of the prediction error considered for the 6 hour-ahead forecast are 0.04° and 2.2° respectively. For the 1 hour-ahead forecast, the prediction accuracy is assumed to be improved with a narrower standard deviation of 1.2° .
Forecast and actual dataset for solar radiation on the PV and shortwave solar heat gain through windows
1 hour, 6 hour and 48 hour-ahead forecasts for solar radiation are studied in [2] based on available weather dataset from Environment Canada. In the article, an estimated forecast error is defined by Gaussian noise with mean of 17 W/m 2 and standard deviation of 167 W/m 2 for the 6 hour-ahead predictions. The 1 hour-ahead prediction, is a Gaussian noise with the same mean but a smaller standard deviation of 100 W/m 2 . As indicated in the article mentioned above, these are the prediction estimations for the solar radiation due 45°S outh and hence it is suitable for the solar radiation on the installed PV panels.
To generate the forecast error for the indoor solar heat gain due to the shortwave radiation through the windows, Gaussian noises with similar mean and standard deviation are used as the base for the 6 hour and 1 hour-ahead predictions. These base noise vectors are then weighted by the following three factors:
The relative solar heat gain factors [26] , for the vertical façades at the different orientation of the building and at a different time of the day, with respect to South façade. Total window area (Table 1 ) on each façade corresponding to a zone (m 2 ). G-value The solar energy transmittance of the windows. The G-value of the window glass is assumed to be 0.376.
The Winter (corresponding to January 21 ) solar heat gain factors at 43° latitude for Toronto, are considered as given in [26] . These factors are normalized with respect to the heat gain on the South façade and are listed in Table 6 . The Gaussian noise generated for the indoor solar heat gain on a given façade is given by the equation:
where, Δ Base Gaussian noise vector for solar heat gain per unit area due South (W/m 2 ). Net solar heat gain noise vector on a given façade (W).
The solar heat gain noise, is generated separately for each façade of the house using (8) , and then the total noise for each zone is added to the real-time data to generate the forecast to be used by the MPC.
Forecast and actual dataset for ground temperature and internal heat gain
The variation in the ground surface temperature is ±0.5° [1] . Gaussian noise of 0° mean and 0.17° standard deviation is generated which gives the required range of prediction error for the ground temperature, . The internal heat gain is considered to be generated by the occupants, lights and electrical equipment. The schedules for occupancy and electricity usage for lights and appliances are pre-scheduled in the TRNSYS house. Hence, a Gaussian percentage deviation with zero mean and an approximate maximum deviation of ±30% is considered.
Problem formulation and methodology
The goal here is to combine the control mechanism of two major building operations. The comfort goal focuses on meeting a predefined temperature range while reducing in the energy cost. Optimal usage of the heating units, thus, becomes an integral part of the comfort optimization. Judicious utilization of the energy efficient heat pump and benefiting from the off-peak ToU rates during the day by utilizing the energy storage unit, prove to be the two key factors implemented by the MPC for the comfort optimization [23, 22] .
The self-generated electricity from the roof-top PV panels can be used instantaneously to supply loads or can be stored in the home battery for future usage in a cost-effective way. The heating system is considered as a part of the house electricity load and thus the heating control system and the energy management system are intertwined to study a more centralized control scenario. The MPC strategy proposed here acts as a central control system to handle the heating systems as well as the PV generation, the battery usage and also the interaction with the grid. The base case scenario, defined in this case study, includes an MPC controlled heating system and a rule based energy management system. 
Comfort bounds and setpoint temperature
The temperature bounds considered here are shown in Figure 4 . During the day, the zone operative temperatures are maintained around 23° with an acceptable allowance of ±0.5° . For the night, more flexible bounds are set as indicated in the figure. In addition to the upper ( ) and lower ( ) acceptable deviation limits, a setpoint ( ) is also considered for the simulation experiments ( Figure 4 ). It has been identified in [23, 22] , that overheating is often caused by the MPC to achieve a suitable trade-off between cost and comfort, specially in the absence of forced cooling. To reduce this effect of overheating, the distance of the operative temperature, from is penalized in the objective function in addition to penalizing the deviation from the bounds. The temperature profile for is chosen to maintain approximately the average of the upper and lower bounds, while it also follows the natural heating dynamics of the system.
The penalty on comfort violation used in the MPC optimization is defined in eqs. (9) and (10) . Two different nonnegative tracking errors are taken into consideration. The ∶ ℝ × ℝ × ℝ → ℝ measures the deviation of from the upper and lower temperature bounds (10) . The ∶ ℝ × ℝ → ℝ in (9), on the other hand, is the absolute measure of the distance of from .
( ,
(⋅)
Parameter for the ℎ zone.
Indoor operative temperature (° ).
Upper bound on (° ).
Lower bound on (° ).
Setpoint temperature (° ).
Simulation parameters
Similar to previous MPC simulation strategies discussed earlier in the thesis, a multistep MPC feedback strategy [9, 10, 23, 22] is used. The simulation parameters, = 3.75 min, = 8 h and = 15 min, are the simulation time step, prediction horizon and control horizon respectively. The first four optimized control values are implemented before the MPC performs the subsequent optimization.
Time-of-Use (ToU) rates and Feed-in-Tariff (FiT)
The Ontario ToU electricity rates [21] , are used to estimate the energy cost. The weekends have flat off-peak rates of 6.5 ¢/kWh. During weekdays 7am -11am and 5pm -7pm are on-peak periods charging 13.2 ¢/kWh, 11am -5pm is midpeak charging 9.4 ¢/kWh and 7pm -7am is off-peak period.
The same rates are used as the Feed-in-Tariff (FiT) while considering an incentive for selling to the grid. As described in [14] , currently, a flat average price reduction is implemented for different KWh slabs. Here, for the simulation purposes, the FiT is chosen identical to the ToU rates. Table 7 summarizes the optimization variables and the respective ranges of each as used in the optimization. There are nine parameters which are optimized over the 8 h prediction horizon. This leads to simultaneous optimization of total 9 × 8 × 16 = 1152 variables at an interval of every 15 min.
Description of the optimization variables
To reduce the computational complexity and the frequent changes in the control signal, simplifying assumptions are implemented in the optimization [23, 22] . The control variables are restricted to retain a constant value for an hour, thereby reducing the number of optimization variables is reduced by a factor of 16 (1 h = 16 time samples). As the optimization itself is repeated every 15 min, the coarseness min , , ,
induced by this factorization is reduced.
The power flow equations, as functions of the optimization variables (Table 7) , are given by the set of equations in (11) .
Power consumption by the baseboards (kW).
Heating capacity of the baseboards (kW). Load demand including HVAC (kW).
OU
Effective power consumption (kW) by the outdoor unit of the multi-split heat pump system, as given in (2c) (kW).
IN,fan
Total fan power for indoor units of the multisplit system = 30 W, for each zone.
Power consumption by electrical appliances as indicated in Figure 2 (kW). Power generated by the PV (kW). Power delivered (or consumed) during discharging (or charging) (kW). is considered to be positive during charging, negative during discharging and zero for the neutral state. 95% home battery efficiency is considered to calculate the battery operations. The state of charge of the home battery ( ) is maintained between 10% -90% at every time step.
Case study scenarios and objective function
The primary objective of the MPC is to reduce energy consumption from the grid. The goal is to supply sufficient energy, to the heating unit of the house, in order to maintain the indoor temperature within prescribed limits along with satisfying other daily load demands. The MPC objective function is given in (12 Weights on the different penalty. Δ Change in the state of charge of the battery at each time step (kWh).
The cost term, cost gives the total energy cost corresponding to the net energy consumption from the grid over a given prediction horizon . The grid supplies the load demand from the house and charges the battery as needed. The timing and amount of power delivered from the grid is controlled by the MPC, by optimizing the variables → and → as given in (11) . The comfort term, comfort in (12) includes the 2 -norm of the deviation of from the upper and lower temperature bounds and the absolute error of deviation from the setpoint as defined by eqs. (9) and (10) .
The weights on the cost and comfort terms ( 1 , … , 5 ), for respective zones, are used to scale the components of the objective function having different units and thus adjust the performance of the MPC controller. These are determined by trial and error to achieve a better trade-off between energy cost and comfort. These weights are tunable parameters and the choices are based on user preference. Since this is a multivariable control optimization and a single objective function is used to optimize the MPC performance for the three zones simultaneously, the weights set priority on the goals to achieve the desired performance. The weights are specified as follows: 1 Weight on . 2 Weight on . 3 Weight on Δ . 4 Weights on the deviation from for ℎ zone. 5 Weights on the deviation from for ℎ zone.
Base case scenario
An MPC controlled comfort management system is considered in the base case scenario along with a rule based energy management strategy described in the flowchart in Figure 5 .
The assumptions for the controller strategy for the base case scenario are as follows:
• The power inputs to the heating units, i.e., , and , specifically the battery discharge power discharge only are controlled by the MPC. • The power consumptions by the HP and BB heating units are optimized based on the variable ToU rates. • A minimum 50% battery SOC is always maintained for emergency usage, i.e., = 50%. • Grid energy flow is bidirectional. Excess PV generated electricity can be fed back to the grid but without any incentive.
The flowchart in Figure 5 shows the energy flow diagram to and from PV, home battery, house and grid, for a single time 
Case I : Bidirectional grid connection with an incentive for selling power to the grid
This scenario considers bidirectional communication with the power grid. A two-way grid connection is available. A Feed-in-Tariff (FiT) same as the ToU rates (Section 6.2.1) is used. For this particular scenario, the weights on the objective functions defined in (12) are modified as follows: = {0.08, 0.05, 0.08}, for the primary and secondary bedroom, and the living room respectively.
Results and discussion
The performances of the MPC, for the above mentioned scenarios are analyzed for a 7-day simulation period. The simulation is run for 8 consecutive days during the first week of January and the first day is considered as a warm-up day. The TRNSYS-MATLAB co-simulation used for this study takes approximately 3 days in real-time to simulate 8 simulation days on an Intel Core-i7 processor with 8 GB RAM. Though computationally time-expensive, the controller is real-time implementable. But the extended simulation time restricts the choice of a longer simulation interval. In the following, the three case study scenarios are compared based on three performance criteria :
• Comfort performance: The Time-in-Target performance of the MPC in maintaining the operative temperature of the three zones within the comfort bounds, Figure 6 : Operative temperature ( ) profile for the primary bedroom (B1) for the three simulation scenarios along with the real-time and forecast dataset for outdoor temperature, and solar heat gain , for 5 consecutive days as an example.
as mentioned in Section 6.1. • Heating energy distribution: The distribution of the heating energy between the multi-spit heat pump (HP) unit and the electric baseboard (BB) system. • Use of renewable solar energy and battery storage unit: This considers the performance of the controller in terms of utilization of the solar energy generated by the PV to supply the load demand of the house and to charge the battery. Also, the charging and discharging cycle of the battery and use of the storage unit in distributing the peak demand to avoid the on-peak electricity supply from the grid. Figure 6 shows the operative temperature plots for the base case and Case I. Five consecutive days of simulation results are shown in the figure, as an example, for the primary bedroom (B1). The forecast and real-time outdoor temperature and respective solar heat gain for B1 are also indicated. The MPCs perform somewhat similarly, in maintaining the within the specified limit, in both the cases. This is also reflected by the Time-in-Target performance in Figure 7 , where the histogram of the deviations of , in each case, is indicated for the entire 7-day simulation period.
Comfort performance
Certain observations regarding the effects of the forecast uncertainty can be summarized from Figure 6 . The temperature plot on the 4 ℎ day shows a deviation of close to 2° resulting from the significant dissimilarity in the forecast prediction for the solar heat gain. The MPC heats the zone considering a lower heat gain, which eventually results in overheating due to the solar radiation. Since no forced cooling is available, it takes a while before the lower to reach the desired limit. Similarly, insufficient heating also results from over-prediction of the solar heat gain in the zone, as can be seen on the 2 or the 3 day. The Time-in-Target shown in Figure 7 , is based on the deviation from the upper and lower temperature bounds only. The defined in (9) with reference to the in Figure 4 , is used in the objective function to induce a penalty on the overheating effect, but no related penalty is considered in calculating the Time-in-Target performance.
Above 85% of the time, the in each zone, is maintained within a ±0.5° deviation margin, with a maximum deviation of close to ±1° . The secondary bedroom (B2), because of its North-East orientation (Figure 1) , has less so-lar heat gain than the primary bedroom (B1) and the livingkitchen (LK). Hence, the MPC maintains the of zone B2, closer to the upper temperature bound in order to achieve a trade-off between the heating energy cost and the comfort performance. This leads to respectively 30% and 50% reduction in the Time-in-Target performance, as compared to the zones B1 and LK. However, the MPC performance in zone B2 matches with the other two zones while comparing with respect to the range of ±0.5° deviation margin. The distribution of the heating energy between the HP and the BB heating units are also similar for the two scenarios. Figure 8 shows a sample heating pattern in the Case I scenario for zone B1. The HP is used as the primary heating system since the average COP of the HP is 3.26 as compared to unity in case of the BB. The BB is used as a secondary system to provide any additional heating if needed during the day. HP preheats the zone to take advantage of the off-peak ToU rates, specially during the night. The HP net electricity consumptions are shown in Figure 9 . Since 100% efficiency of the BB is assumed in general, the heat delivered by the BB is identical to its electricity consumption. The differences in the amounts of heating energy usage by the house in the two cases are minimal. The base case uses more BB heating. Based on the average heating energy delivered by the HP and BB, the average daily per unit cost of electricity for BB usage is approximately 20% more than that of HP usage for both the cases.
Heating energy distribution
Use of renewable solar energy and battery storage unit
The daily average energy flows from different sources to sinks are shown in Figure 10 . Here, the labels on the horizontal axis are given by, The rule based simulation scenario presented in the base case (Section 7.1), drives the PV generated energy to charge the battery in the morning as a priority. The battery is mostly used to deliver energy to the house at night and the MPC controls the amount of discharge. In comparison to the base case, the centralized MPC strategy in Case I, utilizes a larger share of the PV generated electricity to supply the instantaneous load demand of the house. → for the base is close to 66% less than Case I. Whereas, the rule based control in the base case utilizes the PV generated power mostly to charge the battery. The → in Case I is 78% less than the base case. The variation in is plotted in Figure 11 .
is maintained within 50% to 90% for the base case. The battery charging is more flexible and may vary between 10% -90% for Case I. 50% SOC level was considered as the initial condition. Here, the MPC charging strategy follows a general pattern of 'two-phase' charging. Initially, utilizing the off-peak prices at the start of the day, the battery is charged to supply the energy demand during the day-time on-peak period. In the second phase, the battery is charged using solar energy and supplies the demand during the second on-peak period in the evening. The first day, indicated in the Figure 11 , is a weekend and the ToU rate off-peak throughout the day. As indicated in Figure 6 , the day is also cloudy. The MPC decides to minimally charge the battery to maintain the 10% SOC. Overall, to achieve the objective of minimizing the energy cost, the MPC tends to utilize approximately 10% -50% of the battery capacity and charges the battery only sufficiently to reduce the grid energy during the peak ToU periods. In general, the usage of grid energy is more in Case I, where the effect of the extra energy cost for buying energy from the grid is balanced by selling energy back to the grid. The average daily electricity costs are listed in Table 8 . The minimum is achieved in Case I, where a FiT is implemented for selling energy to the grid.
In Case I, the simultaneous comfort and BEMS MPC optimization achieve a 13.5% reduction in the energy cost as compared to the base case. A simple case of MPC optimization for comfort management (without any BEMS control) is also simulated in TRNSYS as a reference to estimate the benefit of the centralized MPC controlled comfort and energy management system. Neither PV generation nor battery storage is considered in this case. The average daily cost achieved here is 3.16 C$, which is close to 31% more than Case I.
Conclusion
In an effort to design a centralized system to control different components of the HVAC and BEMS systems simultaneously, a novel predictive control strategy is proposed in this article. By optimizing a single multi-objective cost function, the MPC successfully maintains the operative temperature within the predefined comfort bounds and achieves a 31% reduction in the daily average energy cost as compared to the grid-only building energy supply. The installation cost for the PV and the battery are not considered for these case studies.
The multi-split air-to-air heat pump has a fast response time and maintains an average COP of 3.26 during the simulation period. Thus, the heat pump, along with the baseboard as a secondary heating unit builds an efficient and heating unit with low operative cost. The MPC controlled comfort and energy management system uses the PV generated solar energy to supply close to 10% of the total heating demand of the house, thereby saving approximately 198 gCO 2 emission daily, considering 32 gCO 2 /kWh GHG emission factor for Ontario [13] . The reduction in the daily energy cost with respect to the grid based energy supply system indicates long term benefits in terms of cost minimization, leading to a cleaner environment.
In this paper, the objective function optimizes energy cost and comfort. A modification in the objective function by incorporating a penalty on the GHG emission may achieve a further reduction in the CO 2 emission. Specially in case of a mixed source energy generation scenario as in Ontario [7] , a penalty on the GHG emission may play an effective contribution in achieving a reduction in the carbon footprint. However, for a greener grid scenario as in Quebec where more than 99% [8] of the total electricity generation is based on renewables, a cost-based objective function might be better appreciated. In summary, the MPC optimization method presented in this paper can be customized to incorporate various related control objectives to achieve user specific goals.
